The evaluation of instructors by their students has been practiced at most universities for many decades, and there has always been a great interest in a variety of aspects of the evaluations. Are students matured and knowledgeable enough to provide useful and dependable feedback for the improvement of their instructors' teaching skills/abilities? Does the level of difficulty of the course have a strong relationship with the rating the student give an instructor? In this paper, we attempt to answer questions such as these using some state of the art statistical data mining techniques such support vector machines, classification and regression trees, boosting, random forest, factor analysis, kMeans clustering. hierarchical clustering. We explore various aspects of the data from both the supervised and unsupervised learning perspective. The data set analyzed in this paper was collected from a university in Turkey. The application of our techniques to this data reveals some very interesting patterns in the evaluations, like the strong association between the student's seriousness and dedication (measured by attendance) and the kind of scores they tend to assign to their instructors.
Introduction
The evaluation of instructors by their students has been practiced at most universities for many decades. Typically, these evaluations are administered in the form of long surveys answered by students at the end of the semester (quarter). Questions in the survey are related to such aspects as course organization, level and quality of delivery, clarity of course objectives, level of difficulty of the course, impact of the course on the student's overall university experience and goals, relevance of the course, preparedness and competency of the instructor, likeability and fairness of the instructor, overall satisfaction of the student, and overall rating of the instructor by the student, just to name a few. This study investigates a data set which was anonymously collected in recent years from Gazi University in Ankara (Turkey). It contains a total 5820 evaluation scores provided by students for three different instructors. There is a total of 28 course specific questions (see the Appendix for a detailed list of all the questions) presented in Likert-type format, and an additional 3 attributes, namely student's perceived difficulty level of the course, attendance, number of repetitions of the course. On the other hand, the overarching goal of students' evaluations of professors is the extraction of knowledge, patterns and information, with the finality of providing their professors with hopefully useful feedback to help them teach better and give students a richer and more effective learning experience. However, there has always been heated debates regarding the effectiveness or even the validity of such evaluations. Many scholars have wondered over the years if it is at all possible to improve education quality based on the outcomes of students' evaluations of professors. For them, they wonder if the answers are informative. Do the answers given by students provide the kind of knowledge and information that can help reshape and improve course quality and professors' teaching abilities? Typically, most university administrators such as department heads, school directors, college deans, provosts and chancellors have tended to rely on a single grand average of the questionnaire scores as a measure of the quality of an instructor.
Given the complex and multidimensional nature of the questionnaires administered, it is clearly misleading to summarize such evaluations with a single number. Besides, the averages usually relied upon are not valid, because of the non-numeric nature of the Likert-type of the evaluation responses/scores.
Indeed, since the publication of the seminal [17] paper, Likert-type scores have been extensively used in a wide variety of fields ranging from Anthropology, Psychology, Education, Sociology, Sports just to name of a few. Unfortunately, with the astronomical number of applications of the Likert measurement system, there have also been innumerable abuses, especially the misuse of Likert-type scores as real-valued scores. Authors such as [31] , [8] , [15] and [3] provide pointers to the uses abuses of Likert-type data. Many authors have indeed cautioned experimenters on the meaninglessness of statements made based on analyses with inappropriate techniques. To quote [2] , "Nothing is wrong per se in applying any statistical operation to measurements of given scale, but what may be wrong, depending on what is said about the results of these applications, is that the statement about them will not be empirically meaningful or else that it is not scientifically significant". Along the lines of [2] , many authors have written numerous articles providing guidelines as to which statistical techniques are most appropriate for Likert-type and the so-called Likert-scale datasets. [6] of instance provides a clear separation between Likert-type and Likert-scale, and strongly recommends nonparametric techniques for Likert-type and parametric techniques for Likert-scale.
(Need to correction paragraph)To avoid such pitfalls of meaningless conclusions on our data, we strive to guarantee the validity of our analyses and summaries, by using mostly Likert-type specific (or at least Likert-type compatible) techniques and tools of exploratory data analysis, cluster analysis, dimensionality reduction and pattern recognition.
The rest of this paper is organized as follows: in section 2 we present some general definitions and address important aspects of survey data such item reliability and respondent reliability. We also present empirical answers to most of the above questions using both appropriate exploratory data analysis tools and some straightforward tests of association. In section 3 we focus on the multivariate aspects of the data and answer most of the students' evaluation of instructors questions by using tools such as factor analytic and cluster analysis which both reveal very meaningful confirmation of some beliefs and perceptions about the rating of professors by their students. Section 4 uses some of the results from section 3 to perform predictive analytics on this data. We specifically apply state of the art pattern recognition techniques such as support vector machines, boosting, random forest and classification trees to predict the satisfaction level of a given student based on their answers to the 28 questions on the survey. Section 5 provides our conclusion and discussion, along with pointers to our future work.
Definitions, Data Quality, Exploratory Data Analysis and Basic Tests

Definitions and data quality
The dataset is represented by an n × p matrix X whose ith row x ⊤ i ≡ (x i1 , x i2 , · · · , x ip ) denotes the p-tuple of characteristics, with each x ij ∈ {1, 2, 3, 4, 5} representing the Likert-type level (order) of preference of respondent i on item j. Recall that a Likert-type score is obtained by translating/mapping the response levels {Strong Disagree, Disagree, Neutral, Agree, Strongly Agree} into pseudo-numbers {1, 2, 3, 4, 5}. A usually crucial part in the analysis of questionnaire data is the calculation of the Cronbach's alpha coefficient which measures the reliability/quality of the data. Let X = (X 1 , X 2 , · · · , X p ) ⊤ be a p-tuple representing the p items of a questionnaire. The Cronbach's alpha coefficient is a function of the ratio of the sum of the idiosyncratic item variances over the variance of the sum of the items, and is given by
For our data, we foundα = 0.992, indicating a reliable (ie good quality) survey instrument from Cronbach's point of view. We must emphasize however, that this is just item reliability, which is of course of great importance, but herein contrasted with respondent reliability which we had to assess and address as a result of some patterns discovered in our data.
). An observation vector x i will be called a zero variation vector if x ij = constant, j = 1, · · · , p. Respondents with zero variation response vectors will be referred to as single minded respondents/evaluators.
In our data set of n = 5820 evaluations, we found a rather high prevalence of single minded evaluators, specifically, about half of the evaluations (2985/5820 ≈ 51%). In fact, zero variation responses essentially reduce a p items survey to a single item survey. As can be seen for our earlier calculation, the estimated Cronbach's α coefficient for our data is considerably high. The reason may be the high ratio of zero variation observations. It therefore became interesting to also estimate the Cronbach's α coefficient for only the non zero variation observations, which turned out to be 0.9755. Not surprisingly, the Cronbach's α value for the zero variation observations is 1, since that corresponds to perfectly reliable questionnaire. Despite the fact that zero variation responses correspond to a perfectly reliable instrument from Cronbach's alpha perspective, it is our view that zero variation responses are an indication that the respondent did not give deep thought to each of the questions/items of the survey. One could always argue that such evaluators came in with a single rating on all the items, and that such responses are just fine, in the sense that they provide a clear and unambiguous overall assessment of the professor being evaluated. However, considering the sometimes drastically different foci of the questions, it is rather unlikely that a given instructor on a given course would perform exactly the same on all the items. On the other hand, such zero variation responses convey the impression that the respondent rushed the answering process. Finally, from a point of view of feedback to the instructor in order to help them improve the course, such answers provide very little if any feedback at all. Authors like [20] , [32] , [22] and [25] have contributed extended studies and findings related to the effectiveness of students' rating of professors and have also touched extensively on aspects like biases, utility, reliability and validity. In the spirit of most of the points raised by those authors, we seriously question the effectiveness, utility, reliability and validity of a students' evaluations data with high incidence/prevalence of zero variation. [20] , [21] , [22] , [24] and [23] has done a lot of research work highlighting the importance of adopting a multivariate view of students' evaluations of professors. Clearly, the multivariate aspect of the feedback sought is lost in the prevalence of too many single minded respondent. For all the above reasons, we deem the zero variation responses unreliable with respect to the multivariate view of the evaluation.
x ij represent the sum of the scores given by all the n respondents to item j. Our respondent reliability is estimated bŷ
We use a straightforward adaptation of the Cronbach's alpha coefficient to measure and capture respondent reliability. Given a data matrix X, respondent reliability can be computed in practice by simply taking the Cronbach's alpha coefficient of X ⊤ , the transpose of the data matrix X. Let m be the number of nonzero variation. If m ≪ p and m/n is very small, then respondent reliability will be very poor. Fortunately, for our data, respondent reliability is estimated at 0.996, which is very satisfactory. We think this large value is due to the fact that, despite having more than 50% zero variation respondents, we still a large enough sample. Despite this however, we will perform analyses taking into account the dichotomy between single minded respondents and their counterparts.
Exploratory Data Analysis and Basic Tests
As we said earlier, students' evaluations of instructors are administered with the goal of measuring the effectiveness (quality) of instructors and hopefully provide them (the instructors) with useful feedback to help them teach better. Clearly, such a goal is complex, and because of its complexity, there have always been heated and often very passionate debates about the validity and the appropriateness of such evaluations [20] , [22] , [32] , [5] . As a matter of fact, many professors strongly believe and claim that students, especially undergraduate students, are neither mature enough nor knowledgeable enough nor objective enough to provide useful feedback to their instructors [10] , [1] , [30] and [25] . To a certain degree, such anti-students' evaluations professors do have a valid point because even with the crucial issues of maturity, knowledge and objectivity, there are very important points of concerns with students' evaluations of instructors: (a) a complex multidimensional instrument like a 28 items questionnaire should never be summarized using a single number (as it is commonly practiced around the world), because such a simplistic summarization definitely fails to capture all the niceties inherent in the com-plex art of teaching (b) given the Likert type nature of the scores (responses), the often used grand average is at best misleading because averages computed on non-numeric variables are often meaningless [2] . It makes sense that only a multidimensional summary [20] , [21] , [22] , [24] and [23] or better yet a functional summary (density or mass function) can meaningfully capture the pattern underlying a multidimensional instrument like the students' evaluations of instructors.
Univariate summaries
It's a very common practice among people dealing with Likert type data to use averages and standard deviations as their measures of central tendency and measures of spread (variation) respectively. Typically, students' evaluations questionnaires have one item aimed at measuring the overall rating of the professor being evaluated. At universities like Gazi University where the questionnaire does not have such a summarizing item, the grand mean (mean of all the means) is used as the estimate of the overall rating, namely
where s(x j ) = {x ij : i = 1 · · · , n}. When an instructor opens the website containing her/his student evaluation data, there are 28 averages, one for each questions, and then there is the average of those averages which is the grand mean representing the overall rating of the instructor. With x ij ∈ {1, 2, 3, 4, 5}, such a grand average is at best misleading and at worst just plain invalid. In the hierarchy of data types, Likert type scores are no more than ordinal, which prohibits the use of averages. By their very nature, Likert-type observations are inherently definitely not numerical in the usual sense of interval or ratio data. Considering our motivating example of the students' evaluation of instructors, the use of the grand mean as the overall rating of the instructor misses the subtle and important information revealed by appropriate frequencies (proportions) and the corresponding bar plots. When the grand mean is used, Instructor 1 scores an average of 3.4, which of course tells us nothing about the distribution of her scores. The distribution for this instructor is skewed to the left, with a pronounced/strong mode at 4 for most of the questions/items. Although we still do not advocate the use of a single number to summarize a complex instrument like a students' evaluations of instructor, we would recommend trusting the mode rather than the mean if a single number were to be used. This led us to defining a grand mode in place of the invalid grand mean as follows: Let s(x j ) = {x ij : i = 1 · · · , n} and letx ij = unique(x ij ). If m j denotes the mode of variable X j , then for j = 1, · · · , p, we can readily compute the mode of the jth column as
The set M = {m 1 , m 2 , · · · , m p } containing the modes for the p columns. Letm j = unique(m j ). We can find the grand mode as
The grand mode for instructor 1 is found to be 4, which, in light of the distribution of her scores, is a more accurate summarization of her effectiveness and teaching quality. It might be tempting, given the ordinal nature of Likert-type data, to use the grand median
in place of the grand mean. From our experience, such a summarization is not as accurate as the grand mode, partly due to the floor and ceiling effect, see [8] . If instead of considering only instructor 1 we use the entirety of the data with all the n = 5820 evaluations, the distribution of all the 28 course specific questions, it is then noted that most questions attain their mode at 3, and we find the grand mode to be 3. Thanks to the distributional features of the scores of the instructors in this dataset, namely the skewness to the left, we able to comment in a more complete manner on the effectiveness (or at least the students' perception thereof). With the highest frequencies being between 3 and 5, it is fair to say that the instructors evaluated here are not negatively perceived by their students.
Examining the Effect of Response Variation
Despite the ability to provide a more meaningful single summarization of the whole evaluation through the grand mode along with distributional qualifications, we still need to answer relational questions like the association between student maturity and their rating, student seriousness/dedication/objectivity and their rating. We now propose to focus on zero variation responses, as we believe that the reflect the reliability of the respondent. In a sense, we claim that a student who gives a zero variation response is providing a less objective and less mature answer to the survey. We then try to find out if there is an association between zero variation and the answers to the questions. First and foremost, it is interesting to assess the association between response variation and instructors. See Table 1 The chi-squared test of association between Instructor and Response Variation is significant, namely with χ 2 obs = 28.45, df = 2, p-value = 0.000. This means that there are some differences among instructors with respect to zero variation responses.
The lack of richness of the zero variation responses in this study is less concerning because most of such responses are either neutral or positive. In a sense, those who were single minded about their rating of the courses, were so mostly not because of dissatisfaction. Given the fact that the zero variation responses came from satisfied students (see higher percentage of Neutral, Agree, and Strongly Agree in Table ( 2) depicting the percentages of responses within the zero variation group), their feedback was really not needed with respect to the multidimensional aspect of the feedback sought. For that reason, we can proceed with the remaining aspects of the analysis of this data, secured that both the item reliability (measured by Cronbach's alpha) and the respondent reliability are satisfactory. Table 2 . Proportion of each response category for answers with zero variation
Examining Various Important Associations
We now examine a variety of association between different important variables. Taking the view that attendance is a measure of dedication/seriousness, and therefore a decent and plausible indicator of the ability/authority of the student to correctly assess their instructor, we will now test the association of various variables with attendance. In other words, if a student is not dedicated ie not serious (as measured by attendance), their assessment should probably not be taken seriously. See [19] for a detailed account on the influence of the student's interest on their rating of their instructor. We also consider the variable difficulty, a self reported variable provided to allow the student to indicate their perception of the level of difficulty of the course. This variable is particularly important because some instructors strongly believe that students tend to give a negative feedback when they perceive the course to be difficult. Extensive studies on the impact of the difficulty level of the course being evaluated have been carried out by authors such as [28] and [9] .
Association between Attendance Level and Response Variation for Instructor 3. As can be seen on In the group of those who deemed the course to be too easy, there appears to be some evidence of more zero variation respondents. More formally, the corresponding chi-squared test of association between Difficulty level and Response variation is significant, specifically with χ 2 obs = 117.7398, ν = df = 4, p-value < 2.2 × 10 −16 .
Various Tests of Association using the whole dataset
It appears that for all the evaluations provided for Instructor 3, both Attendance Level Difficulty Level are strongly associated with Response Variation. The question then arises as to whether that association holds when all the 5820 evaluations are considered. The corresponding chi-squared test of association between Difficulty level and Response variation is significant, namely with χ 2 obs = 113.5, ν = df = 4, p-value < 2.2 × 10 −16 .
Students with poor attendance give an overwhelmingly large number of zero variation answers whereas students with reasonable to excellent attendance level tend to give nonzero variation answers. This somewhat confirms or at least supports the strongly held belief that only those answers provided by dedicated/serious students should be taken into account. On the other hand, students who perceive a course as too easy and therefore boring or at least uninteresting also tend to give an overwhelming proportion of zero variation answers. Interestingly, students who think the course has a normal difficulty level tend to take time to provide varied answers to different questionnaire items.
Since we discovered interesting patterns between response variation and both attendance and difficulty level, it is interesting to examine if there might be a similar type of strong association between the courses and the response variation. Indeed many other authors have researched on the relationship between the nature of the courses taught and the rating of the instructors. See [19] and [21] for more information. In our dataset, there was a total of 13 courses included in the 5820 evaluations considered. Figure (1 ) depicts the barplot of the relationship between response variation and the courses. It can be seen that except for five courses, zero variation respondents are the majority. The chi-squared test
. Finally, we look at the overall relationship between attendance and the perceived difficulty level of the course. Table (7) shows an overwhelming support in favor of a strong relationship, with dominance of the strength between too easy and poor. The corresponding chi-squared test of association between Difficulty level and Attendance Level is significant, with χ 2 obs = 2528.06, ν = df = 16, p-value < 2.2 × 10 −16 . The most obvious feature of this association is the astronomically high proportion of poor attendance in courses deemed too easy. No surprise here, just plain common sense. Sadly however, there is no category in which excellent attendance dominates.
Too Easy
Although all the 28 items in the questionnaire were carefully selected by the designers of the students' evaluation, one could make a strong case that some questions are better indicators of overall assessment than others. One such question is Q10: My initial expectations about the course were met at the end of the period or year. This question is in fact often used as the measure of the overall assessment of the course and the instructor at most American universities. The University of Central Florida students' evaluation questionnaire given in Appendix has a question phrased in a very similar way. Given its summarizing nature, we will use this question as a response/dependent variable in our supervise learning section.
Pattern Recognition and Association Analysis
In this section, we turn our attention to the multivariate aspects of our data set. We perform Factor Analysis to extract meaningful latent structure and cluster analysis to identify potential groups in the way students rate their professors. [28] , [14] , [34] , [4] , [29] and [33] are some of the authors who have used data mining and machine learning techniques on student evaluation data. As we said clearly in sections 1 and 2, Likerttype scores are inherently non-numeric, and applying techniques designed for numeric data on Likert-type will yield answers that are potentially meaningless or at best very difficult to interpret. When it comes to correlation analysis for instance, the default choice is the Pearson correlation measure. With Likert type data however, one wonders if Pearson correlation should ever be used. Based on recommendations by [2] , [6] , and [8] , the correct type of correlation for Likert-type data should be Kendall-tau-B correlation or the Spearman correlation, as these are designed for (ordinal) ranked data. There have been many recent interesting contributions to the multivariate analysis of Likert-type: in her doctoral thesis, [16] provides a wide variety of univariate and multivariate tools for analyzing Likert-type data. [27] proposes the use of rough sets in the analysis of Likert-scale data. We start off by checking how different the Pearson correlation matrix would be from the Kendall-tau B correlation matrix on our data. Recall, that given two random variables X i and X j for which observed (realized) values x 1i , x 2i , · · · , x ni and x 1j , x 2j , · · · , x nj have been respectively gathered, the so-called Pearson sample correlation matrix is given by
For a random p-tuple X = (X 1 , X 2 , · · · , X p ) ⊤ and the corresponding data matrix X = (x ij ), i = 1, · · · , n, j = 1, · · · , p, the Pearson sample correlation matrix is given by
As we have been stressing all along, the Likert-type nature of our data makes the matrix R meaningless, in the sense that the averages on which it is based may not have an interpretable meaning. If we consider two Likert type (ordered categorical) variables X and Y once again, their Kendall τ -B correlation coefficient τ B (X, Y ) is given by
where n 0 = n(n − 1)/2, n 1 = i t i (t i − 1)/2, n 2 = j u j (u j − 1)/2, t i =number of tied values in the i-th group of ties for the first quantity, u j =number of tied values in the j-th group of ties for the second quantity, n c = number of concordant pairs, n d =number of discordant pairs. For a p-tuple X = (X 1 , · · · , X p ) of p Likert type variables, the Kendall Tau-B correlation matrix is K where
The empirical calculations based on our data reveal that the Pearson and the Kendall τ -B correlation matrices are so similar, in pattern and magnitude as to be almost indistinguishable (in fact, it turns out that R ≈ K + 0.05I p ) 1 . For that reason, in our subsequent correlation-based analyses like Principal Component Analysis or Factor Analysis, we can use the Pearson in place of the Kendall τ -B correlation, since the latter is computationally very expensive.
Are there distinguishable groups among students?
A natural question that arises in the presence of data like the one we have, is whether the observations can be clustered. In other words, is there such a thing as different groups of students as far as their patterns of feedback to instructors are concerned? Can the patterns of students' evaluations of their instructors be grouped into distinct and clearly describable categories? Now, one of the most celebrated approaches to cluster analysis is the ubiquitous kMeans clustering algorithm 2 . Obviously, as the name suggests, it is based on the computation of averages that represent the centers of potential underlying groups. With Likert-type data, it has been stressed all along that averages are potentially meaningless because of the inherently categorical non numeric nature of such data. With the Pearson and Kendall-tau-B correlation matrices computed earlier showing strong similarities in pattern and magnitude, one might conjecture that it might not be wrong to use average-driven techniques on our data. The kMeans clustering algorithm in this case would proceed by partitioning the data into k clusters to form the optimal partitioning P * = C * 1 ∪ C * 2 ∪ · · · ∪ C * k that minimizes the within-cluster sum of squares (WCSS). In other words, if P * denotes the best partitioning (clustering) of the data, we must have
where µ j is the mean vector (center) for cluster C j . From our kMeans clustering calculations in R, the percentage of variation explained seems to clearly suggest that one should retain three distinct clusters. Indeed, two clusters would capture a very low percentage of the variation in the data, while four clusters do not substantially improve the amount of variation captured by three clusters. We therefore retained three clusters and carefully examined both the percentage of observations in each one of them and the values of the centers. As Table 8 shows, one could venture to say that almost 60% of the students have a neutral opinion of the courses they took, and this seems to apply to almost all the 28 questions of the survey. The cluster analytic result also suggests that 17% expressed maximum satisfaction with the courses they took. Finally a third group of the students seems to be the group of very dissatisfied students, with our data showing roughly 23% of such students. These numbers apply to all the 5820 evaluations analyzed. It certainly would be more beneficial, in the interest of instructor's improvement, to extract such clustering for each course in order to help the instructor identify areas of improvement. Table 8 . Clusters extracted using kMeans clustering.
The patterns discovered through kMeans clustering and revealed in Table ( 8) are interesting in their own right, but as we'll show later, we used the labels generated here to extend our analysis to supervised learning. As we mentioned earlier, the dataset [12] used here was gathered at Gazi University where there is no dedicated response variable in the questionnaire. Given this absence of response, we later use Y ∈ {Dissatisfied, Neutral, Satisfied} as our response variable in both classification trees and random forest.
Are there meaning concepts underlying the items of the evaluation?
It goes without saying that 28 questions for a single respondent can be quite overwhelming. Besides, it's indeed very likely that many of the questions end measuring the same aspect of the perception of the student. Recall for instance that the correlation matrices calculated earlier revealed extremely large correlation values. We should therefore expect the 28 dimensional questionnaire given to students to boil down to a much lower number of latent concepts. From a factor analytic perspective, this means that the student evaluation vector x ⊤ = (x 1 , · · · , x 28 ) does have a representation of the form
where Λ ∈ IR 28×q and z ⊤ = (z 1 , · · · , z q ) for some q ≪ 28. Factor Analysis typically assumes that the factor scores vector Z has a multivariate Gaussian (normal) distribution. Such an assumption is bound to be violated here because of the non-normality of the vector X. Many authors have performed factor analysis on Likert-type data despite this non-normality. [26] and [18] provide a detail account of the pitfalls resulting from the misuses of factor analysis on Likert-type data. It turns out that part of the problem with the use of factor analysis on Likert-type data stems from the fact that some analysts use the Pearson covariance matrix as their main ingredient. To somehow avoid the pitfalls and hope for meaningful factor analytic results, we use the Kendall τ -B correlation matrix as the basis of our factor analysis. Based on Table 9 our factor analytic seem to reveal the following facts: Questions 13 to 28 have estimated factor loadings that are all higher on factor 1 than they are on Factor 2. These 16 questions are all related to how the student rate the competence of the instructor teaching the course. We therefore name the first factor score Z 1 the "instructor rating score". Questions 1 to 12 have estimated factor loadings that are all higher on factor 2 than they are on Factor 1. These 12 questions are all related to how satisfied the student was about the course. We therefore name the second factor score Z 2 the "student satisfaction score". Table 9 . Two-factor model from the p = 28 questions on the Gazi University students' evaluation data. There was a total of n = 5820 evaluations submitted by the students and used to estimate these factor loadings. It can be seen that the two factors discovered are quite straightforward.
The two factors described above captured 85% of the variation, and any attempt to generate/derive more factors resulted in very little gain along with the loss of interpretability inherent in these two factors. From a practical perspective, it seems to make sense that a student's answers would be summarized into their overall satisfaction along with some rating of the instructor who led the whole experience on the course. Clearly one could hypothesize more factors, but these two tend to intuitively capture what one would expect. To help better grasp the usefulness of the factor analytic patterns that we discovered in this data, we deem it appropriate to match the initial scores given by some students with the corresponding factor scores. For instance,
• Evaluator satisfied with both course and professor: the factor scores for student 25 were found to be z 25 = (0.84, 1.40), revealing that this student was satisfied with the course overall (z 25,2 = 1.40 > 0) and also satisfied with the instructor's organization and running of the course (z 25,1 = 0.84 > 0). Indeed, we also found the input from this student to be • Evaluator strongly dissatisfied with course but neutral with professor: A perfect example in this group is epitomized by student 541 with an input vector given by x 541 = (1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3) , and corresponding factor scores z 541 = (1.60, −2.95). The initial scores from this student seem to indicate a strong dissatisfaction with the course and rather neutral view of all the aspects related to the professor. One could almost imagine this candidate saying: "I hate this course and got nothing out of it, and I really don't have anything for or against the professor who taught it". • Evaluator neutral about both course and professor: With an input vector given by x 123 = (3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3, 3) , student 123 is a typical case of an evaluator who was lukewarm about every aspect of both the course and professor. The factor model captures this quite well with z 123 = (−0.38, 0.16).
The above specific examples were provided to further show evidence that the 2-factor model extracted the latent concepts underlying the Gazi University students' evaluation instrument rather well. As we saw from all the above calculations and findings, one can readily estimate the satisfaction of a given student and their rating of their professor using two numbers, the factor scores, and in this case, the numbers are clear and unambiguous.
Supervised Learning Techniques
Until this point, all our analyses on this data have been entirely unsupervised. While we have discovered many interesting patterns in the data, we are now turning to supervised learning with the hope of discovering even more interesting aspects of how students rate their professors. Throughout this section, we'll concentrate on classification using trees and random forests. For all our random forest estimations we'll use 500 trees in the ensemble. Since the data came without a specifically dedicated response variable, we'll use Q10 as one of our response variable for reasons mentioned earlier. We will use another response variable herein denoted by Opinion, whose domain contains the labels Dissatisfied, Neutral, Satisfied generated earlier from kMeans clustering.
Classification Tree Learning
The great appeal of trees was triggered by our interest in finding out if there were some questions that drove the classification and that could therefore be considered somewhat key questions in the evaluation. Classification trees are usually highly preferred by analysts who desire an interpretable learning machine. Understanding trees is indeed straightforward as they are intuitively appealing piecewise functions operating on a partitioning of the input space.
R ℓ denote the tree represented by the partitioning of X into q regions R 1 , R 2 , · · · , R q . Given a new point x * , its predicted response iŝ
.
The classification tree software implementation used here is taken from the R package rpart. Using the labels Dissatisfied, Neutral, Satisfied as our response levels, we get the tree depicted in Figure (2(a) ), which clearly reveals variable Q10 as the root, somewhat lending support to our earlier speculation around the possibility of using Q10 as the response variable because of its apparent summarizing nature. On Figure (2(b) ), we depict the classification tree generated using Q10 as the response. Bearing in mind the instability of classification trees (high estimation variance), we dedicate the last subsection of this paper to an extension of tree learning, namely the ubiquitous ensemble learning method known as Random Forest [7] , which we apply to our data in the next section. One extra motivation for resorting to ensemble learning via Random Forest lies in our desire to estimate how well the rating of a professor can be predicted, but also to estimate the importance of each of the variables used in the prediction.
Ensemble Learning with Random Forests
Let's consider once again the multi-class classification task as defined much earlier with labels y coming from Y = {1, 2, · · · , G} and predictor variables x = (x 1 , x 2 , · · · , x p ) ⊤ coming from a p-dimensional space X . Along the same lines of [13] , let g (b) (·) be the bth bootstrap replication of the estimated base classifier g(·), such that ( y) (b) = g (b) (x * ) is the bth bootstrap estimated class of x * . The estimated response by Random Forest is obtained using the majority vote rule, which means that the most frequent label throughout the B bootstrap replications of random subspace learning. The following algorithmic description taken from [13] captures the essential structure of the Random Forest [7] learning method. Choose a base learner g(·) ⊲ e.g.: Trees
3:
Choose an estimation method ⊲ e.g.: Recursive Partitioning
4:
for b = 1 to B do
5:
Draw with replacement from D a bootstrap sample
Draw without replacement from {1, 2, · · · , p} a subset {j
Drop unselected variables from
Build the bth base learner
end for 10:
11: end procedure Table ( 10) depicts the confusion matrix of the 500 th random tree of the forest built using Opinion as the response. The last column is actually the training error and should not be mistaken for the average test error that measures the generalization ability of random forest. The R Package randomForest automatically gives the out of bag (OOB) error for each random tree. In the spirit of [13] , we shall use the average OOB error AVOOB(·), as our measure of predictive performance, namely
where the observations {(x Q1  Q3  Q11  Q27  Q9  Q17  Q6  Q4  Q26  Q18  Q13  Q28  Q25  Q2  Q24  Q15  Q12  Q22  Q21  Q14  Q19  Q20  Q16  Q23  Q7  Q8  Q5 Q21  Q22  Q20  Q25  Q17  Q28  Q19  Q15  Q27  Q18  Q26  Q14  Q1  Q23  Q24  Q13  Q3  Q16  Q4  Q2  Q6  Q11  Q5  Q7  Q12  Q9 The average OOB error obtained from the above forest comes out as 0.02115943, meaning that the Random Forest classifier is 98% accurate. We also built a 500-tree random forest with Q10 as the response. Table ( 11) shows the corresponding confusion matrix, and our average out of bag error for this random forest is found to be 0.1389903, which interesting corresponds to an accurary of 86%, the percentage of variation captured by the twofactor factor analytic model discovered earlier, and also the percentage of variation that warranted the selection of the 3 clusters solution in our kMeans clustering analysis. Table 11 . Confusion Matrix corresponding to random forest classification with Q10 as the response variable.
One of the greatest appeals of Random Forest lies in its ability to supplement excellent predictions with estimates of variable importance. For our dataset, we generated two different variable importance plots (3), one using Q10 as the response and the other using Opinion as the response. Figure (3(a) ) shows the overwhelming dominance of Q10, again confirming our initial conjecture/speculation. Interestingly, out of the 5 most important variables in this case, only one, namely the 5th, is related to the professor. On the other hand, Figure (3(b) ) reveals that to directly predict Q10 well based on the remaining 27 variables, the most important variable is Q8, dominating the rest substantially. Shockingly, for the prediction of Q10, virtually no professor-related variable (Q13-Q28) appear to be important. It gives the impression that student satisfaction has nothing to do with the professor. Interestingly also, Q10 is almost perfectly predicted by Q8 which has to do wth the grades student had on the course. Could it be then that students don't care about who the professor is, as long as they end up with a good grade on the course?
Conclusion and Discussion
We have provided a comprehensive statistical analysis of a relatively large dataset containing students' evaluations of various courses at a university in Turkey. Factor Analytic results appear to reveal a very plausible two factor model suggesting that students' evaluations inherently reveal the overall satisfaction of the student at the end of the course along with impact the instructor had on their overall satisfaction. With the instructor's factor coming out as the most dominant one, it is fair to say that the instructor does play a central role in the over experience of the student. Anyone analyzing students' evaluations should be careful to consider the number of zero variation responses and examining their association with the pattern of answers provided by the students. We strongly believe that these zero variation responses somewhat determine the quality of the survey and reliability of the answers provided. We have shown evidence to support the fact dedicated students (attendance) will tend to reveal a more satisfactorily learning experience than those students who do not take their course seriously. We combined unsupervised and supervised learning techniques and were able, not only to find meaningful and interpretable groups in the data, but also identify the items in the questionnaire that appeared to be driving the students' assessment of their learning experience.The dominance of Question 10 on the three class recognition tree confirmed our intuition in the sense that it is the question that seems to measure the overall satisfaction of a student on a course, and it is re-assuring to have the tree model reveal it. From a questionnaire design perspective, it is our view that 28 questions is a bit too much for the students, and this usually large survey might be the reason why some students ended up giving zero variation responses. We would also like to suggest the use of two questions that have been found to be very revealing of the experience of student, namely (1) What is your overall rating of this instructor? (2) Would you recommend this course to any other student?. Although these two questions are inherently correlated part of our future work on this data will consist of adapting traditional classification trees to Likert-type data. This essentially boils down to using Likert-type specific loss functions for splitting the nodes of the tree. We specifically plan on deriving adaptations of the Jaccard distance as loss function or using the cross entropy measure on the tendencies of respondents. We are also planning to include the final grades of the respondents. The motivation for this is the fact that many instructors around the world have repeatedly argued that students who know (based on quiz scores, homework assignment scores, and midterm exam scores) that they will be receiving a good grade on the course tend to rate their professors very highly. We plan on finding out if there is evidence to support such a belief.
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